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ORIGINALITY & SIGNFICANCE STATEMENT 17
The intimate interaction between pathogens and their hosts exerts strong selection 18 pressure leading to rapid adaptation. How this shapes the metabolism of pathogens is 19 largely unknown. Here, we used comparative genomics to systematically characterize 20 the metabolisms of animal and plant pathogenic oomycetes, a group of eukaryotes 21 comprising many important animal and plant pathogens with significant economic and 22 ecological impact. Core-and pan-genome as well as metabolic network analyses of 23 distantly related oomycetes and their non-pathogenic relatives revealed considerable 24 lifestyle-and lineage-specific adaptations. Extreme lifestyle adaptation could be 25 observed in the metabolism of obligate biotrophic oomycetes -a group of pathogens 26 that require a living host for proliferation. The metabolic networks of obligate biotrophic 27 oomycetes reflect profound patterns of reductive evolution, converging to a loss the 28 same metabolic enzymes during acquisition of an obligate parasitic lifestyle. These 29 findings contribute to a be better understanding of oomycete evolution and the 30 relationship between metabolism and lifestyle adaptation. 31 32 SUMMARY 33
Pathogen-host symbiosis drives metabolic adaptations. Animal and plant pathogenic 34 oomycetes are thought to adapt their metabolism to facilitate interactions with their 35 hosts. Here, we performed a large-scale comparison of oomycete metabolism and 36 uncovered considerable variation in oomycete metabolism that could be linked to 37 differences in lifestyle. Pathway comparisons revealed that plant pathogenic oomycetes 38 can be divided in two parts; a conserved part and an accessory part. The accessory 39 part could be associated with the degradation of plant compounds produced during 40 defence responses. Obligate biotrophic oomycetes have smaller metabolic networks, 41 and this group displays converged evolution by repeated gene losses affecting the 42 same metabolic pathways. A comparison of the metabolic networks of obligate 43 biotrophic oomycetes with those of plant pathogenic oomycetes as a whole revealed 44 that the losses of metabolic enzymes in biotrophs are not random and that the network 45 of biotrophs contracts from the periphery inwards. Our analyses represent the first 46 metabolism-focused comparison of oomycetes at this scale and will contribute to a 47 better understanding of the evolution and relationship between metabolism and lifestyle 48 adaptation. 49
INTRODUCTION 50
To grow, organisms need to assimilate nutrients from the environment and assemble 51 these into the building blocks of life -i.e. polymers such as proteins, DNA, 52 carbohydrates and lipids. This is known as cellular metabolism, a process 53 encompassing a network of thousands of biochemical reactions, many of which are 54 catalysed by metabolic enzymes (Nielsen, 2017) . The repertoire of metabolic enzymes 55 encoded in the genome of a specific species is indicative for its biochemical capabilities. 56
Autotrophic organisms have the capability to assimilate inorganic compounds from the 57 environment and to convert these into organic compounds. In contrast, heterotrophic 58 organisms lack the capability to generate these complex compounds and rely on other 59 organisms for nutrition (Nelson and Cox, 2017) . Parasitism is typically a heterotrophic 60 lifestyle; the parasite lives in symbiosis with a host and takes up nutrients from it 61 (Poulin, 2007) . This symbiosis, which requires a close interface between parasite and 62 host, is the result of a co-evolutionary process that has led to adaptations in the 63 metabolism of both symbionts (Divon and Fluhr, 2007; Poulin and Randhawa, 2015) . 64
Many obligate parasites show an evolutionary pattern called reductive evolution 65 (Casadevall, 2008) , which manifests in genome reduction accompanied by losses of 66 primary metabolic pathways (Corradi, 2015) . This results in a dependency of the 67 parasite on the host for nutrition (Kemen and Jones, 2012 Matson et al., 2015) . It is conceivable that many of these adaptations are driven by their 97 pathogenic lifestyle (Ah-Fong et al., 2019). The genome dynamics also translate into 98 fundamental differences in metabolism (Judelson, 2017 can yield important information about the growth conditions and preferred substrates 108 and, ultimately, might point to novel leads for disease control (Garavito et al., 2019; 109 Peyraud et al., 2017; Warrilow et al., 2014) . 110
In this study, we performed large-scale analyses of the metabolism of oomycetes 111 and closely related Stramenopiles with the aim to shed light on lifestyle-and lineage-112 specific adaptations in metabolism in oomycetes during diversification from their last 113 common ancestor. We analysed the conservation of metabolic enzymes through pan-114 and core-genome analyses and translated the metabolic enzyme content into metabolic 115 networks. Comparison of these networks revealed the impact of gene losses on the 116 metabolism in obligate biotrophs. 117
118

RESULTS & DISCUSSION 119
Metabolic gene content in Stramenopiles 120
Metabolic enzymes catalyse most of the biochemical reactions in the cell, collectively 121 orchestrating cellular metabolism (Nielsen, 2017) . To compare the metabolism of 122 oomycetes and related sister-species, we identified the metabolic enzyme repertoires in 123 the complete predicted proteomes of 54 species, encompassing nearly all 124
Stramenopiles for which a publicly available genome sequence with associated gene 125 annotation was available (as of early 2019). This collection included 42 oomycetes, six 126 diatoms, four brown algae, a Labyrinthulomycete (Hondaea fermentalgiana), and a free-127 living hyphochytrid protist (Hypochytrium catanoides) (Table S1; Figure 1A) . To investigate to which extent differences in total gene numbers influence the 165 metabolic capacity of oomycetes, we selected all KOs representing a metabolic enzyme 166 (thus associated to a biochemical reaction in KEGG) ( Figure 1A) . With respect to the 167 correlation between KO numbers and total gene numbers that we observed earlier, the 168 numbers of metabolic enzymes showed lower correlation with the total gene numbers 169 (Pearson correlation r=0.39; P=0.0031), indicating that the numbers of metabolic 170 enzymes are less related to the overall dynamics of the genomes. On average, the 171 species in our collection contained 981 metabolic enzymes. An outlier is the diatom 172 Fistulifera solaris (1,637 metabolic enzymes), which underwent a whole-genome 173 duplication (Tanaka et al., 2015) . In contrast, obligate biotrophic species of the genera 174 Peronospora, Plasmopara, Hyaloperonospora, and Albugo have a reduced number of 175 metabolic enzymes (on average 787) (one-tailed rank-sum test P=2.4×10 -4 ). However, 176
for the other oomycetes we could not relate the metabolic enzyme numbers to lifestyle; 177 the pathogenic oomycete species appear to have a similar proportion of metabolic 178 enzymes as free-living autotrophic species, such as the diatoms and algae. This 179 suggests a similar magnitude of expansions/contractions of gene families encoding 180 metabolic enzymes (metabolic gene families) for most species, resulting in similar-sized 181 sets of metabolic enzymes. It should be noted that these numbers do not provide insight 182 into the metabolic capacity of each species, as the size of a metabolic gene family is 183 just one of the many factors that determine the metabolic fluxes of an organism (Ah-184 
Dynamics of metabolic gene content 196
To uncover the evolutionary patterns causing the differences in metabolic gene content, 197
we used a maximum-likelihood approach to reconstruct gains and losses of metabolic 198 genes families for each branch in the phylogenetic tree ( Figure S1 ). This reconstruction 199 revealed that novel gains and losses of metabolic gene families occurred frequently 200 throughout the evolution of oomycetes. Especially within the Phytophthora lineage 201 evolutionary events are numerous, which is striking considering their close evolutionary 202 relationship. This clearly reflects the dynamics of oomycete metabolic gene content, 203 potentially leading to differences in metabolic capacity among these species (Seidl et 204 al., 2012) . The numbers of gene family losses are higher than the numbers of gene 205 family gains (on average 42 and 61 respectively; paired samples rank-sum test; 206 P=1.4×10 -6 ). This pattern is especially prevalent for the obligate biotrophs, which have 207 lost on average 101 metabolic gene families. Albugo laibachii is the most extreme 208 example, with eight family gains and 168 losses, but Phytophthora ramorum, 209
Phytophthora lateralis and Pythium iwayamai also displayed extensive losses (179, 110 210 and 113, respectively). Taken together, these results highlight the highly variable 211 metabolic gene content in oomycetes that likely evolved in relation to lifestyle and/or 212 (host) environment. 213
Next to these dynamics, it is anticipated that certain metabolic functions that are 214 essential for viability (e.g. TCA cycle or glycolysis) are shared as a core set of metabolic 215 enzymes. To investigate the degree of conservation of metabolic capacity between 216 oomycetes, we calculated the core sets (intersection, present in all species) and pan 217 sets (union, shared by all species) for metabolic gene families, and overall gene families 218 for reference ( Figure 1B) . To obtain the overall set of gene families, we clustered the 219 882,655 proteins predicted in the 42 oomycete species into 28,463 gene families, which 220 contained 89% of the proteins (Table S2 ) (Emms and Kelly, 2019). We calculated 221 accumulation curves that show the pan/core size as a function of a random sample of 222 oomycete genomes ( Figure 1B) . As expected, the core size decreases when the 223 sample contains more genomes and the pan size increases. Consequently, the 224 metabolic core in all 42 oomycetes comprises only 146 metabolic gene families (6% of 225 the pan). We observed that the core and pan curves of metabolic gene families 226 converge later than the curves of the overall gene families, and the core/pan ratio of 227 metabolic gene families is consistently higher ( Figure 1C) . Thus, even though we 228 observed frequent gains and losses of metabolic gene families, metabolic gene families 229 are generally more conserved within oomycete genomes than gene families overall. 230
Since metabolic enzymes can have a broad range of substrates (i.e. enzyme 231 promiscuity) and non-homologous enzymes can catalyze the same reactions (i.e. 232 isozymes), it is anticipated that biochemical function is generally better conserved than 233 metabolic genes (Carbonell et al., 2011). To validate this, we also calculated the core 234 and pan of the reaction sets (i.e. all biochemical reactions associated with the metabolic 235 enzymes). The core/pan ratio was consistently higher for reactions than for metabolic 236 enzymes ( Figure 1C) , corroborating that non-essential (redundant) enzymes are 237 generally less conserved than those playing a central role in metabolic pathways. 238
To investigate whether oomycetes of the same lineage or with a similar lifestyle 239 have a different degree of conservation of metabolic capacity, we calculated the core 240 and pan sets for subsets of species grouped by their respective taxonomic lineage and 241 lifestyle ( Figure S2) . The Saprolegniales have a core of 549 metabolic genes, which is 242 significantly larger than that of eight randomly selected genomes ( Figure 1B ) (average 243 397±46; P(X≥549)=4.6×10 -4 ). It is conceivable that a closely related subset of genomes 244 has a larger core than a random selection of genomes. However, the core sets of 245 metabolic genes in the Pythiaceae and Peronosporaceae (445 and 222 respectively) 246
were not significantly larger than the core sets of randomly selected species 247 (P(X≥445)=0.089 and P(X≥222)=0.63 respectively). Even though the overrepresentation 248 of Peronosporaceae in our species selection may influence the random genome 249 selection (i.e. the background distribution), our results suggest that metabolic gene 250 content even within a lineage varies considerably. We did not observe a significant 251 difference in core size for any of the lifestyle-groups compared with that of a random 252 sample. For all groups the overall core sets were highly enriched for metabolic enzymes 253 (hypergeometric test; P-values ranging from 3.6×10 -49 for Saprolegniales to 7.0×10 -13 for 254
Pythiacaea), in line with our earlier observation that between species metabolic gene 255 families are more conserved than overall gene families, regardless of lineage or lifestyle 256 (Table S3 ). In addition, all subgroups have a consistently higher core/pan ratio for 257 reactions than for metabolic gene families (two-tailed paired T-test; P=1.0×10 -4 ), in line 258 with the previously observed oomycete-wide pattern ( Figure 1C) . These results make it 259 plausible that oomycetes have a variable metabolism that reflects adaptations to their 260 host and environment (Klein et al., 2012) . 261 262
Metabolic networks reflect differences in lifestyle and host adaptations 263
To investigate the relationship between metabolic capacity of oomycetes and lifestyle, 264
we performed a principal component analysis (PCA) on the metabolic reaction sets of 265 all species (hereinafter referred to as their metabolic networks) (Figure 2) . The first two 266 principal components, which accounted for 66.4% of the variance in the data, separated 267 species with different lifestyles while species with similar lifestyles typically cluster 268 together. Clustering is most prominent for pathogens with an obligate biotrophic 269 lifestyle, even though this lifestyle has evolved several times independently within 270 oomycetes (Thines and Choi, 2015) . In the PCA Pythium and Phytophthora species are 271 more spread, which corroborates the small set of core metabolic genes ( Figure S2) . In To gain more insight into the conserved and accessory metabolic processes 280 related to specific lineages and lifestyles, we divided the metabolic networks into 91 281 pathways, based on the classification of reactions by KEGG (Table S4) the networks of obligate biotrophs to those of other plant pathogenic oomycetes in our 356 collection we were unable to detect substantial differences in overall network properties 357 such as average node degree or betweenness-centrality (Table S5 ). However, we 358 observed that networks of obligate biotrophs were generally smaller and thus contain 359 fewer nodes and edges (one-tailed rank-sum test; P=9.9×10 -5 and P=2.8×10 -4 , 360 respectively). To investigate whether these reduced networks have a different capacity 361 to take up nutrients, we calculated for each network the "seed" (Borenstein and 362 2014). To identify the specific differences that distinguish metabolic networks of 370 biotrophs from those of other plant pathogenic oomycetes, we collapsed the metabolic 371 networks of both groups to derive a pan-pathogen metabolic network (containing all 372 compounds and reactions from the necrotrophic, hemibiotrophic, and biotrophic 373 oomycetes) and a pan-biotroph metabolic network, which is a subset of the former. We 374 then overlaid the networks to visualize the differences (Figure 4) methyl-5-(2-phosphooxyethyl)thiazole (a thiamine precursor). This is in line with the type 387 of genes that are lost in obligate biotrophs as many of these encode proteins with a role 388 in the assimilation pathways for these compounds (Figure 3) (Spanu, 2012) . As these 389 compounds are missing from the biotroph metabolic network, an alternative set of seed 390 compounds is introduced, including thiamine monophosphate, fructose, pseudouridine 391 (a nucleoside), and two lysine catabolites, 2-oxoadipic and L-2-aminoadipic acid. It is 392 possible that the (partial) loss of an assimilation pathway drives adaptations to allow the 393 import of alternative compounds to compensate, e.g. through the diversification of 394 transporter substrates (Dean et al., 2018). In addition to the losses in the primary 395 component, the large majority (144/209; 69%) of compound losses were part of the 396 small network components, indicating that enzyme losses of biotrophs have largely 397 occurred in the accessory parts of metabolism (hypergeometric test; P=1.1×10 -23 ). 398
These losses involve many plant-related compounds such as p-coumaric and pipecolic 399 acid, both strongly associated with plant defence (Table S5) Figure 4) . Thus, lost compounds in biotrophs are not randomly distributed 407 in the network but are predominantly located at the terminal branches. We suggest that 408 the prolonged symbiosis of obligate pathogens with their host leads to the evolution of 409 'metabolic shortcuts' as a result of redundant, parallel pathways with the host, leading to 410 a loss of enzymes in the initial steps of the pathway (Albalat and Cañestro, 2016). 411
412
CONCLUSIONS 413
The co-evolution of a parasite with its host drives adaptations in the metabolism of both 414 species. Here, we predicted and compared the metabolic capacity of oomycetes, a 415 class mainly consisting of plant and animal pathogens, and with distinct lifestyles. We 416 found that the metabolic gene repertoire among oomycetes varies widely, especially 417 among the plant-pathogenic species within the Peronosporaceae lineage, and this 418 indicates strong dynamics and selection pressure on metabolic gene content. When the 419 metabolic networks of these species were divided into a core and an accessory part, the 420 latter showed associations with plant compounds. This raises the hypothesis that the 421 pathogens produce enzymes that use host components as substrate. A way to test this 422 would be to grow axenic cultures on minimal medium enriched with particular host 423 substrates and analyse the culture filtrate for the presence of the respective enzymes 424 and/or metabolites (Meijer et al. 2014 ). However, for obligate biotrophs such an 425 approach is not feasible as these can only be cultured in association with their host. The 426 obligate biotrophs showed a profound reduction of coverage of almost all pathways, and 427 in particular in their accessory metabolism. These reductions were most prominent at 428 terminal branches in the metabolic network, suggesting that the metabolic networks of 429 obligate biotrophs contract from the periphery to the core. It would be of interest to Since our analyses depend on the completeness of the genome annotations, we 461 performed additional screenings to identify missing gene annotations in the genomes. In 462 brief, we identified missing KOs based on the presence of these KOs in phylogenetically 463 neighbouring species, and subsequently queried the genome for these missing KOs. 464 We extracted all possible subtrees from the species tree and selected those containing 465 three or more species. Subsequently, we iterated over all subtrees from small to large, 466 and identified 'annotation gaps', i.e. KOs that were missing in at least one species and 467 present in more than 50% of the remaining species (thus at least 2/3 for a minimal 468 subtree of three species). For each annotation gap, we considered a target species 469 (which contains the annotation gap), and a source species (its closest relative having 470 the KO). The protein sequence of the KO in the source species was then aligned to the 471 target genome, masked for its original genome annotations. Alignments were performed 472 using Exonerate (v2. Secondly, we removed alignments that matched the query protein for less than 90% 477 (query coverage). Thirdly, only alignments were used for which the sequence identity 478 and alignment length was above the HSSP-curve (offset +5), which relates sequence 479 identity to alignment length ( Figure S5) (Rost, 1999) . Singletons, i.e. KOs present in 480 only a single species, were removed from the dataset to prevent the influence of 481 contamination. 482 483
Evolutionary analyses 484
To reconstruct a phylogenetic tree from the predicted species tree, we synchronized the 485 nodes of the species tree with the estimated divergence times of Stramenopiles, as 486 predicted from a relaxed molecular clock model (Matari and Blair, 2014) accounting for 487 variable evolutionary rates on different branches of the tree. Calibration was performed 488 using the chronos function of the Ape (v5.3) package in R (Kim and Sanderson, 2008; 489 Paradis and Schliep, 2019), which uses penalized likelihood to calculate the divergence 490 times of all nodes in a tree based on given branch lengths and calibration points. We 491 used the estimated confidence intervals of the calibration points as minimum and 492 maximum bounds for the likelihood function (Matari and Blair, 2014) . Subsequently, we 493 used the ace function of the Ape package to reconstruct the ancestral states of the 494 metabolic KOs using maximum likelihood, and subsequently inferred gene family gains 495 or losses for each branch when either parent or child node had a gene family size of 0. 496 497 Pan and core genomes 498
The pan and core accumulation curves were determined for oomycetes by iteratively 499 sampling n species in 1,000 permutations, where n ranged from 1 to 42. Subsequently, 500 for all associated genes/reactions, the core sets (present in all species) and pan sets 501 (present in any species) were determined. 502 503
Pathway analyses 504
To quantify pathway completeness for each species, we mapped reactions on KEGG 505 pathway maps. Pathway coverage was calculated as the set of uniquely mapping 506 reactions for a species, expressed as a fraction of set of reactions present in at least 507 one species. We pruned 44 pathways with five or less reactions in the pan-pathway to 508 reduce noise and emphasize larger pathways. The metabolic networks were clustered 509 according to the pairwise Spearman correlation distance (1−ρ) of the reaction frequency 510 Albugo, Al; Aphanomyces, Ap; Aureococcus, Au; Ectocarpus, Ec; Fistulifera, Fi; Fragilariopsis, Fr; Hondaea, Ho; Hyaloperonospora, Hy; Hypochytrium, Hyp; Nannochloropsis, Na; Peronospora, Pe; Phaeodactylum, Pha; Phytophthora, Ph; Phytopythium, Ppy; Plasmopara, Pl; Pseudo-nitzschia, Psn; Pythium, Py; Saprolegnia, Sa; Thalassiosira, Tha; Thraustrotheca, Thr. 
